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, with a Kolmogorov-Smirnov distance D n=0.04 and with cutoff identified as the right-most point in the distribution before the fitted power law [1, 2] . Figure 3 : Example of word occurrence distribution of the 1000 randomized code sequences preserving the same number of transactions per type. In both cases the real occurrence of the word showed in the purple box his higher than the average of the random sample. We can see that the z-score equal 2 computed from the sample in relation with the 90th quantile of the distribution. The icons used in this figure are work of Azaze11o/Shutterstock.com. Supplementary Figure 4 : Relation between the quantile value of the real occurrence of words respect to the randomized distribution vs. the z-score relative percentile of the words. The z-score relative percentile is highly correlated with the quantile position of the real word occurrence. We selected only the words with z-score> 2, corresponding to the 97.73th percentile for a Gaussian distribution. Figure 7 : Clustering results depending on the users' selection. For each threshold x we select all the users with more than x significant links. Using the Louvain Algorithm [4, 5] we perform the cluster of the users' similarity matrix of the selected users at each threshold. For each threshold, we show the proportion of users that belong to each cluster, the core transaction for that cluster (as defined in the main text, Fig. 3 main text) and the conditional probability for a user to belong in a given cluster depending on its number of significant links P (cluster|#links). By applying a lower threshold is it possible to increase the number of users analyzed. In particular, selecting users with more than 3 significant links improves the identification of clusters 4 and 6, which were misidentified when using higher thresholds. At the same time lowering the threshold increases the number of user that we are not able to categorize effectively (user percentage of cluster 5). The icons used in this figure are work of Azaze11o/Shutterstock.com. Using LDA we model each user as a mixture of five spending behaviors, where each behavior is a mixture of transaction codes. We compute the Jensen-Shannon divergence [18] for the user similarity matrix, then perform the Louvain algorithm with a threshold of 0.1. We compare the clusters detected with the LDA and the Sequitur methods using the Normalized Mutual Information [9, 10] NMI = 0.2 and the Rand=0.7 [11] . This two tests show a degree of similarity among the clusters. (C) Frequency of the transaction codes for the 10 weeks considered for each of the seven clusters detected. The clusters extracted with the LDA manifest similar characteristics with the ones extracted with our method (Supplementary Figure 13B) . The 
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Supplementary Figure 20 : Groups based on their spending habits for the second city analyzed in Mexico: Puebla. We show the top 5 most frequent spending sequences of the users in each group, representing more than 30% of users' shopping routines. The percentage of the total users in each group is shown in the bottom-right corner. Distribution of individual characteristics among users: gender radius of gyration, mobility diversity, social diversity, median expenditure by month, transaction diversity and age. While the clusters (1, 2, 4, 5, 6) , manifest similarity among the two cities. The cluster 3 in the City B has different routines with the core transactions in Miscellaneous Food store and insurance instead of taxi and restaurants (see Supplementary Figure 21 for further comparison on the socio-demographic-mobility indicators between the two cities). The icons used in this figure are work of Azaze11o/Shutterstock.com. 19
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Puebla Supplementary Figure 21 : Analysis of median socio-demographic-mobility index variation per cluster. The y axis represents (x i −X)/MAD(X); withX the median of the whole dataset for the socio-demographic-mobility attribute X,x i the median of the same socio-demographic-mobility attribute of the i-cluster users and MAD the Median Absolute Deviation. Remarkably the behaviors of the clusters (2, 4, 5, 6) are very similar between the two cities considered. The two Clusters 3 as already stress represent two different segments of the population. Meanwhile the clusters 1 of the commuters have different behaviors maintaining the lower transaction diversity this could be due to the different topology of the cities. 20
